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Abstract: To develop and evaluate deep learning models for cardiac arrest rhythm classifi-
cation during cardiopulmonary resuscitation (CPR), we analyzed 508 electrocardiogram
(ECG) segments (each 4 s in duration, recorded at 250 Hz) from 131 cardiac arrest pa-
tients. Compression-affected segments were recorded during chest compressions, while
non-compression segments were extracted during compression pauses or immediately
after return of spontaneous circulation (ROSC) declaration. One-dimensional convolutional
neural network (1D-CNN) and recurrent neural network (RNN) models were employed
for four binary classification tasks: (1) shockable rhythms (VF and pVT) versus non-
shockable rhythms (asystole and PEA) in all ECG segments; (2) the same classification in
compression-affected ECG segments; (3) pulse-generating rhythms (ROSC rhythm) versus
non-pulse-generating rhythms (asystole, PEA, VF and pVT) in all ECG segments; and
(4) the same classification in compression-affected ECG segments. The 1D-CNN model con-
sistently outperformed the RNN model across all classification tasks. For shockable versus
non-shockable rhythm classification, the 1D-CNN achieved accuracies of 91.3% and 89.8%
for all ECG segments and compression-affected ECG segments, respectively, compared to
50.6% and 54.5% for the RNN. In detecting pulse-generating rhythms, the 1D-CNN demon-
strated accuracies of 90.9% and 85.7% for all ECG segments and compression-affected ECG
segments, respectively, while the RNN achieved 92.2% and 84.4%. The 1D-CNN model
demonstrated superior performance in cardiac arrest rhythm classification, maintaining
high accuracy even with compression-affected ECG data.

Keywords: cardiopulmonary resuscitation; electrocardiogram; convolutional neural network;
recurrent neural network; rhythm classification

1. Introduction
Out-of-hospital cardiac arrest (OHCA) is a leading cause of mortality worldwide, with

an estimated global incidence of 55 cases per 100,000 person-years [1]. The early and accu-
rate diagnosis of the underlying cardiac rhythm is crucial for improving survival rates and
neurological outcomes in cardiac arrest patients [2,3]. The initial heart rhythm determines
the appropriate treatment strategy, such as defibrillation for shockable rhythms (ventricular
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fibrillation and pulseless ventricular tachycardia) or continued cardiopulmonary resuscita-
tion (CPR) for non-shockable rhythms (asystole and pulseless electrical activity). Current
methods for heart rhythm classification in cardiac arrest rely on the manual interpretation
of electrocardiogram (ECG) signals by emergency medical services personnel or automated
external defibrillators (AEDs). However, these approaches have significant limitations.
Manual interpretation requires skilled personnel and is prone to human error [4], while
existing automated algorithms often have suboptimal accuracy, especially in the presence
of artifacts [5,6]. Moreover, the need to pause CPR for rhythm analysis can negatively
impact patient outcomes, as chest compression interruptions lead to decreased cerebral
and myocardial perfusion [7,8].

Recent advances in deep learning have shown promising results in ECG analy-
sis and arrhythmia detection [9–15]. One-dimensional convolutional neural networks
(1D CNNs) and recurrent neural networks (RNNs) have demonstrated superior perfor-
mance in noise detection and ECG classification compared to traditional machine learning
methods [9,11–13]. These algorithms can automatically learn hierarchical features from
raw ECG signals and capture complex temporal patterns, enabling more accurate and
efficient rhythm classification. In this context, some studies have explored the use of ar-
tificial intelligence for analyzing ECG rhythms during chest compressions to determine
the need for defibrillation [16–20], whereas few studies have focused on pulse-generating
rhythms during ongoing CPR [21]. However, the existing literature does not pay due atten-
tion to the following: (1) pulse-generating rhythms (indicating the return of spontaneous
circulation, ROSC) can be detected early even during chest compressions; and (2) shock-
able rhythms (among non-pulse-generating rhythms) can be detected early regardless of
chest compressions.

This study aims to address these gaps by developing and evaluating deep learning
models for the real-time classification of heart rhythms in cardiac arrest using ECG data. By
comparing the performance of 1D-CNN and RNN models on both compression-affected
and non-compression ECG data, we aim to assess the feasibility of developing robust
algorithms capable of accurate rhythm classification during ongoing resuscitation efforts
in terms of the following: (1) pulse-generating rhythms (indicating ROSC) vs. non-pulse-
generating rhythms early, even during chest compressions; and (2) shockable rhythms
(among non-pulse-generating rhythms) vs. non-shockable rhythms early regardless of chest
compressions. The successful implementation of such models could potentially reduce
unnecessary pauses in CPR, facilitate timely defibrillation when appropriate and ultimately
improve outcomes for cardiac arrest patients.

2. Materials and Methods
2.1. Data Collection and Processing

We conducted a single-center retrospective observational study using 508 cases of
4 s ECG segments collected from 131 patients in the emergency room of Anam Hospital
from January 2021 to December 2022. ECG rhythms were acquired from patient monitors
using Vital Recorder 1.15.2, a free research tool designed for the automatic recording of
high-resolution, time-synchronized physiological data [22] (accessed 1 January 2021 at
https://vitaldb.net/vital-recorder/). For each cardiac arrest patient, ECG rhythms were
continuously recorded from their arrival and connection to the ECG monitor, to either
the cessation of cardiopulmonary resuscitation due to death or transfer to the intensive
care unit following successful resuscitation. This retrospective study was approved by the
Institutional Review Board of Korea University Anam Hospital (IRB No. 2019AN0006).
Informed consent was waived due to the fact that the data were anonymized before analyses.
All methods were conducted in accordance with relevant guidelines and regulations.

https://vitaldb.net/vital-recorder/
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The ECG segments contained complex noise induced by patient movements, muscle
activity and data transmission quality. Therefore, a preprocessing step was performed to
enhance the quality of the ECG segments. In this study, we applied Butterworth filters,
which are commonly used in the field of biomedical engineering, to remove noise while
preserving important features of the ST segment and QRS complex. The cutoff frequencies
were set from 0.05 Hz to 150 Hz [23,24]. Body and electrode movements, as well as breath-
ing, can induce low-frequency noise components. To remove such baseline wandering, we
applied the asymmetrically reweighted penalized least squares (arPLS) method to the ECG
segments. This technique improves accuracy by automatically adjusting weights iteratively
and can be applied to data with various spectral characteristics [25]. Missing values in the
ECG segments were filled using the backward–forward interpolation technique.

Each ECG segment comprised 1000 values recorded at 250 Hz over 4 s. This 4 s interval
was chosen based on clinical and practical considerations. International resuscitation
guidelines recommend reassessing the cardiac arrest rhythm every 2 min, with rhythm
checks to be completed within 10 s [26]. In Anam Hospital’s emergency room, emergency
medicine specialists typically took 6–8 s to confirm initial rhythm or reassess during
resuscitation. However, it was observed that noise from chest compressions could persist
for 1–2 s after their cessation. Therefore, extracting 4 s ECG segments was determined to be
the optimal choice. This duration allowed for the acquisition of both compression-affected
and non-compression ECG segments, ensuring a uniform data length for all patients while
accounting for the brief period of residual noise after compression cessation.

A skilled clinician interpreted and labeled the ECG segments recorded through Vital
Recorder. The ECG segments were initially categorized into five primary rhythm types
across two phases, resulting in ten categories. The five primary rhythm types included
asystole, pulseless electrical activity (PEA), ventricular fibrillation (VF), pulseless ventricu-
lar tachycardia (pVT) and pulse-generating rhythm (indicating ROSC). Each rhythm type
was extracted in a 1:1 ratio between compression-affected and non-compression ECG seg-
ments. The clinician selected a representative 4 s segment from the same CPR cycle for each
rhythm. Compression-affected ECG segments were recorded during chest compressions,
while non-compression ECG segments were extracted during compression pauses or imme-
diately after ROSC declaration. Examples of asystole, PEA, VF, pVT and pulse-generating
rhythm in both compression-affected and non-compression ECG segments are presented in
Figure 1.
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These labels were cross-verified with electronic medical records (EMRs). Pulse-
generating rhythms in compression-affected ECG segments were identified based on
EMRs, and we specifically selected the rhythm immediately after ROSC declaration. For
pulse-generating rhythms in non-compression ECG segments, we chose segments showing
organized electrical activity interspersed between compression artifacts, just prior to ROSC
declaration. Organized electrical activity refers to regular, discernible QRS complexes,
indicative of coordinated ventricular depolarization. Shockable rhythms, which require
defibrillation, included VF and pVT. For these shockable rhythms, additional ECG seg-
ments were extracted when different patterns were observed within the same patient,
acknowledging the variability in these rhythms.

2.2. Classification Tasks

Four binary classifications were considered:

1. Shockable rhythms (VF and pVT) versus non-shockable rhythms (asystole and PEA)
in all ECG segments;

2. Shockable rhythms (VF and pVT) versus non-shockable rhythms (asystole and PEA)
in compression-affected ECG segments;

3. Pulse-generating rhythms (ROSC rhythm) vs. non-pulse-generating rhythms (asystole,
PEA, VF and pVT) in all ECG segments;

4. Pulse-generating rhythms vs. non-pulse-generating rhythms (for non-compression
ECG segments only) in compression-affected ECG segments.

The independent variables consisted of 1000 ECG lead II values over the 4 s duration
for each segment.

2.3. Analysis

The 1-dimensional convolutional neural network (1D-CNN) [27,28] and the recurrent
neural network (RNN) [29,30] were trained during 100 epochs. Data on 508 ECG segments
were divided into training and validation sets with a 75:25 ratio (381 vs. 127 ECG segments).
Sensitivity, specificity, F1-score and accuracy were introduced as criteria for validating
the trained models. Sensitivity is the proportion of true positives among real positives,
whereas specificity is the proportion of true negatives among real negatives. The F1-score
is the harmonic mean of sensitivity and specificity. Accuracy is the proportion of correct
predictions (both true positives and true negatives) among all cases, i.e., 125 ECG segments.
Here, a neural network is a network of “neurons”, i.e., information units combined through
weights. Usually, the neural network has one input layer, one, two or three intermediate
layers and one output layer. Neurons in a previous layer connect with “weights” in the
next layer, and these weights represent the strengths of connections between neurons in
a previous layer and their next-layer counterparts. This process starts from the input
layer, continues through intermediate layers and ends in the output layer (feedforward
operation). Then, learning happens: These weights are accommodated based on how much
they contributed to the loss, the difference between the actual and predicted final outputs.
This process starts from the output layer, continues through intermediate layers and ends
in the input layer (backpropagation operation). The two operations are replicated until
a certain expectation is met regarding the accurate diagnosis of the dependent variable.
In other words, the performance of the neural network improves as long as its learning
continues [31].

A deep neural network is a neural network with a large number of intermediate
layers, e.g., 5, 10 or even 1000. The deep neural network is referred to as “deep learning”
given that learning “deepens” for complex representations based on various elements of
its architecture design [31]. Specifically, certain types of deep learning models, so-called
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convolutional neural networks (CNNs) and their recurrent neural network counterparts
(RNNs), have emerged as dominant deep learning models in the past decade. The CNN
has convolutional layers, in which a kernel passes across input data and performs “con-
volution”, that is, computes the dot product of its own elements and their input-data
counterparts. When the input data have width and height, the kernel also moves across
the two dimensions. Here, convolution (“2D convolution”) detects the shape of the input
data (e.g., circle), which agrees with the shape of the kernel (e.g., circle). When the input
data have width or height only, the kernel moves across the one dimension as well. Here,
convolution (“1D convolution”) selects the points of the input data, which agree with the
points of the kernel. The operation of convolution helps the convolutional neural network
to detect specific characteristics of the input data, e.g., the form of a normal rhythm vs.
its arrhythmia counterpart. However, the CNN has the issue of gradient vanishing: as it
becomes deeper (its number of layers increases), the gradient of the loss with respect to the
weight quickly becomes 0 [27,28,31].

The 1D CNN in this study consisted of the following layers (Figure 2): one 1D con-
volutional layer with 64 kernels of a 3 × 1 size and the activation function of the rectified
linear unit; another 1D convolutional layer with 64 kernels of a 3 × 1 size and the activation
function of the rectified linear unit; one dropout layer with a rate of 50%; one max pooling
layer with a 2 × 1 size; one dense layer with 100 units of output space and the activation
function of the rectified linear unit; and one dense layer with 2 units of output space and the
activation function of softmax. Here, categorical cross-entropy was used as the loss function.
In the RNN, on the other hand, the current output information depends, in a repetitive
(or “recurrent”) pattern, on the current input information and the previous hidden state
(which is the memory of the network of what happened in all previous periods) [29–31].
The RNN in this study, long short-term memory, comprised the following layers: one
RNN layer with the activation function of a tangent hyperbolic; the recurrent activation
function of a sigmoid; a dropout rate of 0% and a recurrent dropout rate of 0%; and one
dense layer with 2 units of output space and the activation function of softmax. Here,
categorical cross-entropy was used as the loss function. Tensorflow 1.6.0 and Keras 2.2.0
were used for the analysis during 1 January 2024–31 December 2024 (accessed 1 January
2024 at https://github.com/fchollet/keras).
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3. Results
The descriptive statistics of age among the 131 participants were 28 (min), 61 (Q1),

71 (median), 79 (Q3) and 99 (max). The proportions of men and women were 85 (64.9%) and
46 (35.1%), respectively. Among the total 508 ECG recordings, including both compression
and non-compression phases, the distribution was as follows: asystole—104 (20.5%); PEA—
164 (32.3%); VF—104 (20.5%); VT—20 (3.9%); and ROSC rhythm—116 (20.9%). Table 1
and Figures 3 and 4 present the performance outcomes of the 1D-CNN and the RNN for
oversampling data during 100 epochs. Here, oversampling denotes that the observations
of shockable (or pulse-generating) rhythms were doubled for the detection of shockable
(or pulse-generating) rhythms, resolving class imbalance problems. The 1D-CNN regis-
tered comparable or better test accuracy results compared to the RNN across the board
(Table 1): 91.3 versus 50.6 for the detection of shockable rhythms in all ECG segments;
89.8 versus 54.4 for the detection of shockable rhythms in compression-affected ECG seg-
ments; 90.9 versus 92.2 for the detection of pulse-generating rhythms in all ECG segments;
and 85.7 versus 84.4 for the detection of pulse-generating rhythms in compression-affected
ECG segments. The results were similar in terms of test F1-scores, harmonic means of
test sensitivity and test specificity (Table 1): 90.8 versus 34.3 for the detection of shockable
rhythms in all ECG segments; 89.6 versus 50.7 for the detection of shockable rhythms in
compression-affected ECG segments; 89.1 versus 91.8 for the detection of pulse-generating
rhythms in all ECG segments; and 85.1 versus 82.9 for the detection of pulse-generating
rhythms in compression-affected ECG segments. In Figure 3 (shockable vs. non-shockable
rhythm) and Figure 4 (pulse-generating vs. non-pulse-generating rhythm), the validation-
set accuracy of the 1D CNN rises during initial 25 epochs, and then it stabilizes during the
remaining 75 epochs. A similar result can be observed for the RNN in Figure 4.

Table 1. Model performance: 1D-CNN vs. RNN after 100 epochs.

Shockable Rhythms vs. Non-Shockable Rhythms

Sensitivity Specificity F1-Score Accuracy

CNN 98.0 84.5 90.8 91.3

RNN 22.2 75.8 34.3 50.6

Performance in compression-affected ECG segments

CNN 88.6 90.7 89.6 89.8

RNN 40.9 66.7 50.7 54.4

Pulse-Generating Rhythms vs. Non-Pulse-Generating Rhythms

Specificity Sensitivity F1-Score Accuracy

CNN 100 80.3 89.1 90.9

RNN 97.4 86.8 91.8 92.2

Performance in compression-affected ECG segments

CNN 90.2 80.6 85.1 85.7

RNN 92.7 75.0 82.9 84.4
Note: all values are presented as percentages. CNN—convolutional neural network; RNN—recurrent neural
network; ECG—electrocardiogram. Sensitivity is the proportion of true positives among real positives, whereas
specificity is the proportion of true negatives among real negatives. F1-score is the harmonic mean of sensitivity
and specificity. Accuracy is the proportion of correct predictions (both true positives and true negatives) among
all cases. Performance in compression-affected ECG segments refers to the model’s ability to classify cardiac arrest
rhythms in the chest compression phase.
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4. Discussion
This study employed deep learning techniques, specifically 1D-CNN and RNN mod-

els, to classify cardiac arrest rhythms using 508 ECG segments from 131 cardiac arrest
patients, including both in-hospital and out-of-hospital cases. The 1D-CNN model con-
sistently outperformed the RNN, demonstrating higher test-set accuracies across various
binary classifications. Notably, the 1D-CNN achieved test-set accuracies of 91.3% for shock-
able versus non-shockable rhythms, 89.8% for shockable versus non-shockable rhythms
in compression-affected ECG segments, 90.9% for pulse-generating versus non-pulse-
generating rhythms and 85.7% for pulse-generating rhythms versus non-pulse-generating
rhythms in compression-affected ECG segments. The superior performance of the 1D-CNN,
maintained in compression-affected ECG segments, highlights its potential for cardiac ar-
rest rhythm classification during ongoing CPR. This capability could address a significant
challenge in current resuscitation practices by potentially reducing interruptions in chest
compressions for rhythm assessment.

The superior performance of the 1D-CNN over the RNN in analyzing ECG segments
from cardiac arrest patients can be attributed to several factors. The architectural char-
acteristics of the 1D-CNN are particularly well suited for ECG signal analysis [19,32–36].
Convolutional layers excel at capturing local patterns, which are crucial for rhythm clas-
sification [19,32]. Pooling layers contribute to noise reduction and feature abstraction,
which is advantageous when dealing with noisy ECG signals during resuscitation [33,34].
Furthermore, the 1D-CNN typically requires fewer parameters due to its weight-sharing
mechanism, leading to better generalization and reduced overfitting, especially when
dealing with limited datasets [32,35]. This parameter efficiency allows the 1D-CNN to
effectively capture crucial local patterns in ECG signals. The ability of the 1D-CNN to
maintain high performance even with compression-affected ECG data underscores its
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robustness and suitability for this critical medical application, potentially enabling more
continuous and accurate rhythm analysis during resuscitation efforts. This advantage of
the 1D-CNN over various artificial intelligence models was confirmed with a mini-review
of 18 artificial intelligence studies on CPR-ECG [36].

These insights add to the growing body of research on deep learning applications
for cardiac rhythm interpretation [9–15]. While our results demonstrate the potential of
1D-CNN models for classifying cardiac rhythms in CPR-affected ECG segments under
controlled research conditions, significant development would be required before clinical
implementation. Current performance metrics do not yet meet established AHA standards
for rhythm detection, particularly for shockable rhythms. Further multi-center validation
with larger, more diverse datasets would be essential to establish generalizability and
clinical utility. Nevertheless, our study addresses the challenging scenario of cardiac arrest
rhythm classification during ongoing CPR, including both manual and mechanical com-
pressions, and goes a step further by tackling the additional challenge of pulse-generating
rhythm detection during CPR, which is crucial for guiding resuscitation efforts.

In many non-medical settings where CPR experts are not available, non-expert re-
sponders face significant challenges in determining whether defibrillation is required or
in recognizing ROSC during cardiac arrest; in this context, the development of AI-based
rhythm classification is critically important. Our study’s 1D-CNN model demonstrates the
potential to provide context-aware guidance to non-experts by automatically classifying car-
diac arrest rhythms. Such an approach could be integrated into emergency response tools,
including automated external defibrillators, to support rapid and accurate decision-making
in critical situations where expert interpretation is unavailable.

Despite the promising results, our study has several limitations that should be ad-
dressed in future research. Firstly, the data were collected from a single hospital, which may
limit the model’s generalizability to different populations or healthcare settings. It should
be noted that a previous study used 1889 cases from 172 participants in another hospital,
applied a 1D CNN and achieved an F1 score of 73.2% for shockable vs. non-shockable
rhythm classification [37]. The F1 performance in the current study, 90.8%, is higher than
that in this previous study, 73.2%. More examination is needed for greater generalization
in this direction. Secondly, the relatively small sample size of 508 ECG segments is modest
in the context of deep learning applications, potentially affecting the robustness of our
model when applied to more diverse datasets such as independent test sets. Thirdly, hyper-
parameter tuning and regularization were beyond the scope of this study. Fourthly, our
study did not account for the potential impact of different CPR quality levels on rhythm
classification, which could be an important factor in real-world applications. To address
these limitations, future research should focus on multi-center studies involving diverse
patient populations. This approach would not only validate the robustness of these models
across different clinical environments but also provide larger and more varied datasets.
Fourthly, incorporating CPR quality metrics (e.g., compression depth, rate and fraction)
into the model could yield significant benefits. This integration would not only improve
classification accuracy but also provide valuable insights into how CPR quality affects ECG
signal characteristics and pulse-generating rhythm prediction. Sixthly, explainable artificial
intelligence such as a gradient-weighted class activation map (Grad-CAM) is expected to
further the performance of deep learning and expand the boundaries of knowledge on this
topic [38]. By considering these factors, future models could offer more comprehensive
and accurate assessments during resuscitation efforts, potentially leading to improved
patient outcomes.
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5. Conclusions
Our study demonstrates the potential of deep learning, particularly CNN models, for

cardiac arrest rhythm analysis during CPR. By comparing the performance of 1D-CNN
and RNN models on both compression-affected and non-compression ECG data, our
study assessed the feasibility of developing robust algorithms capable of accurate rhythm
classification during ongoing resuscitation efforts, i.e., pulse-generating rhythms (indicat-
ing ROSC) vs. non-pulse-generating rhythms early, even during chest compressions, as
well as shockable rhythms (among non-pulse-generating rhythms) vs. non-shockable
rhythms early regardless of chest compressions. While further validation is needed,
these findings lay the groundwork for developing decision support systems that can
aid responders in time-sensitive situations, ultimately enhancing the chain of survival for
cardiac arrest patients.
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